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Abstract

This study proposes a new large language
model (LLM)-as-a-Judge method for the rel-
ative evaluation of LLM responses based on
both required criteria (i.e., minimal conditions
that responses must satisfy) and bonus crite-
ria (i.e., desirable additional qualities). Re-
cent LLM-as-a-Judge methods have improved
the stability and accuracy of relative evalua-
tion by employing automatically generated cri-
teria. However, existing methods rely solely
on required criteria, which may limit their abil-
ity to distinguish between closely matched re-
sponses. To address this issue, the proposed
method first evaluates responses based on re-
quired criteria and, in the case of a tie, further
evaluates them using bonus criteria, enabling
finer-grained comparisons. Experiments con-
ducted on the Writing, Roleplay, and Humani-
ties categories of the MT-Bench dataset demon-
strate that the proposed method achieves higher
agreement with human judgments than exist-
ing methods.

1 Introduction

With recent advances in large language models
(LLMs), the automatic evaluation of LLMs has
become increasingly important. One approach
to evaluating LLM performance involves compar-
ing LLM responses with reference answers us-
ing automatic evaluation metrics (Brown et al.,
2020; Wei et al., 2022), such as BLEU (Papineni
etal., 2002), ROUGE (Lin, 2004), and BERTScore
(Zhang et al., 2020). However, for open-ended gen-
erative tasks, such as email writing, where no sin-
gle reference answer exists, these methods are in-
sufficient for reliable performance evaluation.

To address this issue, Zheng et al. (2023)
proposed LILM-as-a-Judge, in which a high-
performing LLLM (judge LLM) evaluates the re-
sponses of another LLM (target LLM). Both the
original study and subsequent work, including Chi-
ang and Lee (2023), have reported that LLM-as-
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a-Judge achieves evaluation performance compara-
ble to that of human evaluators.

LLM-as-a-Judge can be broadly categorized
into two types: absolute evaluation, which inde-
pendently scores each response generated by a
target LLM, and relative evaluation, which com-
pares responses from two target LLMs to deter-
mine which performs better. In this work, follow-
ing Chen et al. (2024), we focus on reference-free
relative evaluation using LLM-as-a-Judge.

Early LLM-as-a-Judge methods suffer from is-
sues such as inconsistency caused by unclear evalu-
ation criteria and position bias (Wang et al., 2024),
whereby evaluation results are influenced by the or-
der in which responses are presented. To mitigate
these issues, recent approaches have improved the
stability and accuracy of relative evaluation by ex-
plicitly incorporating evaluation criteria into judge
LLMs. For example, Kim et al. (2023, 2024) pro-
posed Prometheus, an open-source judge LLM that
performs evaluation based on user-defined crite-
ria. However, because the criteria are provided
externally, Prometheus does not dynamically gen-
erate evaluation criteria for each instruction. Qin
etal. (2024) proposed INFOBENCH, a benchmark
for evaluating LLM responses using manually con-
structed checklists with explicit evaluation criteria.
Cook et al. (2024) proposed TICK, a method that
automatically generates yes/no-style evaluation cri-
teria and then compares LLM responses based on
the proportion of satisfied criteria.

However, existing methods rely solely on re-
quired criteria and do not consider desirable quali-
ties beyond these minimum requirements. For ex-
ample, for the prompt “Write a travel blog article
that includes must-see spots in Hawaii,” responses
are conventionally evaluated based on minimum re-
quirements, such as whether the response is written
in the form of a blog article and includes must-see
spots in Hawaii. In contrast, considering additional
desirable qualities, such as readability and practi-
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Figure 1: Overview of the Proposed Two-Stage LLM-as-a-Judge Method

cal tips, could enable finer-grained evaluation.

In this paper, we propose a two-stage LLM-as-
a-Judge method that evaluates responses based on
both required criteria and bonus criteria, which
represent desirable qualities that responses are en-
couraged to satisfy. Specifically, in the first stage,
the proposed method performs relative evaluation
based on required criteria, similar to the method of
Cook et al. (2024). When the evaluation results are
tied, the second stage performs relative evaluation
using bonus criteria, enabling finer-grained com-
parisons. Experiments on the MT-Bench dataset
(Zheng et al., 2023) demonstrate that the proposed
method achieves higher agreement with human
evaluations than existing LLM-as-a-Judge meth-
ods. Furthermore, human evaluations confirm that
both the criteria-generation LLM and the judge
LLM perform accurately. In addition, we publicly
release the prompts and human evaluation data
used in this study to facilitate future research!.

2 Two-Stage L1L.M-as-a-Judge

Figure 1 shows an overview of the proposed
method. The proposed method is a two-stage
framework. The first stage performs relative eval-
uation based on required criteria. In the case of a
tie, the second stage further evaluates the responses
using bonus criteria. In both stages, responses are
evaluated criterion by criterion rather than holisti-
cally, and are compared based on the proportion
of satisfied criteria. This criterion-level evaluation

'The prompts and human evaluation data are released
under the CC BY 4.0 License at https://github.com/
Tsunefuji/Two-Stage-LLM-as-a-Judge-paper.

enables the identification of the aspects of the re-
sponses that contributed to the final judgment.

In the first stage, a criteria-generation LLM gen-
erates required criteria that responses should sat-
isfy, based on the question. Subsequently, the
question, the generated criteria, and the responses
of the target LLMs are provided to a judge LLM,
which evaluates each required criterion in a yes/no
manner. A “yes” judgment indicates that the crite-
rion is satisfied. The proportion of satisfied crite-
ria is computed from the judge LLM’s yes/no judg-
ments and used as the required score. The prompts
used for both the criteria-generation LLLM and the
judge LLM are based on those of Cook et al. (2024)
and adapted to a multi-turn setting (Appendix B).
A required score is computed for each target LLM,
where a higher score indicates better performance.
If a clear winner is determined at this stage, the
evaluation concludes. Otherwise, when the re-
quired scores are equal, the second stage performs
relative evaluation using bonus criteria.

In the second stage, the criteria-generation LLM
receives the question and the required criteria gen-
erated in the first stage, and generates bonus crite-
ria using a prompt that instructs it to produce desir-
able evaluation criteria that responses are encour-
aged to satisfy (Appendix B). The generated bonus
criteria are formulated in a yes/no (satisfied / not
satisfied) format, similar to the required criteria”.

The question, the generated bonus criteria, and
the responses of the target LLMs are provided to

2Following Cook et al. (2024), the number of required cri-
teria is set to 2—8. In contrast, the number of bonus criteria

is unconstrained, since the appropriate number varies substan-
tially across tasks.
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the judge LLM, which determines whether each
bonus criterion is satisfied. Based on the yes/no
judgments of the judge LLLM, the proportion of sat-
isfied bonus criteria is computed as the bonus score.
A bonus score is computed for each target LLM,
and the model with the higher score is considered
superior; if the scores are identical, the result is
treated as a tie. The required and bonus criteria for
each question are shared across all target LLMs.

3 Experiments

3.1 Experimental Setup

We evaluated the effectiveness of the proposed
method on the Writing (WRT), Roleplay (RPL),
and Humanities (HUM) categories of the MT-
Bench dataset (Zheng et al., 2023), all of which
consist of open-ended generation tasks. Each cate-
gory consists of 10 tasks, with each task compris-
ing two turns: an initial question and a follow-up
question, resulting in a total of 60 questions. We
employed claude-vl, gpt-3.5-turbo, and vicuna-
13b-v1.3 as target LLMs because their perfor-
mance levels are relatively similar.

We compared the proposed method (PROP)
with the relative evaluation methods proposed by
Zheng et al. (2023) and Cook et al. (2024). Zheng
et al. (2023)’s method (BS) does not utilize evalua-
tion criteria, whereas Cook et al. (2024)’s method
(TICK) uses automatically generated required cri-
teria. For BS, evaluations affected by position bias
were treated as ties. In addition, to verify the ef-
fectiveness of the proposed two-stage evaluation
framework, we evaluated a single-stage framework
using both required and bonus criteria (SS). In SS,
all required and bonus criteria were provided to the
judge LLM together, without distinction. Evalu-
ation was performed based on the overall propor-
tion of criteria receiving a “Yes” judgment. SS
and PROP used the same set of required and bonus
criteria. For all methods, gpt-40-2024-11-20 (Ope-
nAl, 2024) was used as both the criteria-generation
LLM and the judge LLM. The temperature was
set to 0, and each experiment was performed three
times using different random seeds.

Following prior work (Zheng et al., 2023; Cook
et al., 2024), each LLM-as-a-Judge method was
evaluated based on its agreement rate with hu-
man evaluations. However, the MT-Bench dataset
contains varying numbers of human annotations
for different combinations of questions and target
LLM pairs. Therefore, rather than using the pub-

Method WRT RPL HUM Avg.
BS 324 5311 411 422
TICK 357 443 337 379
SS 341 56.1 372 425
PROP 394 563 38.1 44.6

Table 1: Agreement Rate with Human Evaluation (%)

licly available annotations, we collected new hu-
man evaluation data by obtaining three annotations
for each combination of question and target LLM
pair. Specifically, we recruited three human anno-
tators with Ph.D. degrees through Prolific. The an-
notators were presented with responses generated
by two target LLMs and asked to determine which
model performed better, with the option to indicate
atie (Figure 2 in Appendix A). The inter-annotator
agreement rate was 49.1%. When calculating the
agreement rate between automatic and human eval-
uations, the three annotations were treated indepen-
dently rather than aggregated by majority voting or
other methods, yielding a total of 540 samples (60
questions X 3 model pairs x 3 annotators). The
upper bound of the agreement rate, defined as the
agreement rate of an oracle system that always se-
lects the majority label for each question and target
LLM pair, was 72.6%.

3.2 Result

Table 1 presents the agreement rates between each
method and human evaluations, averaged over
three runs with different random seeds. Avg.
denotes the macro-average across the three cate-
gories. The agreement rates for each pair of tar-
get LLMs are shown in Appendix D. As shown in
Table 1, PROP achieved the highest average agree-
ment rate and outperformed TICK across all cate-
gories. The differences between PROP and TICK
were statistically significant in all categories based
on McNemar’s tests with « = 0.05. Further-
more, when comparing TICK and SS, SS underper-
formed TICK in the Writing category, but outper-
formed TICK in the Roleplay and Humanities cate-
gories as well as on average. These results demon-
strate the effectiveness of incorporating bonus cri-
teria in addition to required criteria.

When comparing SS and PROP, PROP achieved
higher agreement rates in all categories. These re-
sults indicate that the use of bonus criteria as well
as the two-stage framework that separately treats
required and bonus criteria is beneficial.
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To further analyze the effectiveness of the two-
stage framework, we examined how often Stage 2
was invoked and how often it resolved ties from
Stage 1. Across all 60 questions, three target LLM
pairs, and three runs, Stage 1 produced ties in
53.3% of comparisons (288/540). Stage 2 resolved
51.7% of these ties, reducing the final tie rate to
25.7% (139/540), which is close to the 22.2% tie
rate observed in human evaluations. These results
indicate that required criteria alone are often in-
sufficient to distinguish between closely matched
responses, whereas bonus criteria provide comple-
mentary information for finer-grained discrimina-
tion.

4 Discussion

4.1 Evaluation of Criteria-Generation LLM

We evaluated whether the criteria-generation LLM
in the proposed method generates appropriate eval-
uation criteria. Specifically, we conducted a hu-
man evaluation of 273 required criteria and 266
bonus criteria generated in the experiments, each
of which was assessed by three human annotators
using a binary appropriate/inappropriate judgment.
The inter-annotator agreement rate was 81.0% (Re-
quired: 85.1%, Bonus: 76.7%). The instruc-
tions provided to the annotators are shown in Ap-
pendix A (Figure 3).

The evaluation results demonstrated that 95.6%
of the required criteria were judged appropriate by
the majority of annotators, and 76.9% were judged
appropriate by all three annotators. For the bonus
criteria, 93.6% were judged appropriate by the ma-
jority of annotators, and 64.7% were judged appro-
priate by all three annotators. These results indi-
cated that the generation accuracy of bonus crite-
ria was lower than that of required criteria. Never-
theless, the bonus criteria achieved an appropriate-
ness rate of over 90% based on majority judgments,
demonstrating that both types of criteria were gen-
erated with high accuracy.

4.2 Evaluation of Judge LLM

We evaluated whether the judge LLM in the
proposed method can accurately perform binary
(Yes/No) judgments for each criterion generated
by the criteria-generation LLM. Specifically, three
human annotators judged whether responses gen-
erated by the three target LLMs satisfied each of
the 273 required criteria and 266 bonus criteria
using Yes/No labels. We calculated the agree-

ment rate between human and judge LLM judg-
ments, with the human label determined by ma-
jority vote among the three annotators. The inter-
annotator agreement rate was 64.9% (Required:
73.6%, Bonus: 56.0%). The instructions provided
to the annotators are shown in Appendix A (Fig-
ure 4).

The evaluation results showed agreement rates
of 82.2% for the required criteria and 75.5% for the
bonus criteria. Similar to the evaluation results for
the criteria-generation LLLM, the agreement rate for
bonus criteria was lower than that for required cri-
teria. Nevertheless, both achieved relatively high
agreement rates, indicating that the judge LLM
could judge whether responses satisfied the gener-
ated criteria with a reasonable level of accuracy.

4.3 Implications for Improving
LLM-as-a-Judge

In Section 4, each component of the proposed
method (i.e., the criteria-generation LLM and the
judge LLM) achieved high agreement rates with
human evaluations. However, the agreement rate
between the proposed method and human relative
evaluations remained limited to 44.6%. One possi-
ble explanation is the inherent variability in human
evaluations, as indicated by the inter-annotator
agreement rate of 49.1%. Another possible reason
is that the proposed method treats all required and
bonus criteria uniformly within each stage, with-
out considering differences in importance among
individual criteria.

This issue may partly explain why PROP un-
derperformed BS in the Humanities category, al-
though BS directly performs holistic relative eval-
uation without explicitly decomposing the eval-
uation into individual criteria. The Humanities
category consists of questions in the humanities
and social sciences, which often require domain-
specific knowledge to answer appropriately. Con-
sequently, the generated evaluation criteria tend
to include both criteria related to domain-specific
knowledge and criteria related to the general qual-
ity of LLM outputs. Examples of the generated cri-
teria are shown in Appendix C. While the proposed
method treats all criteria uniformly, human evalua-
tors tended to place greater importance on criteria
related to domain-specific knowledge than on gen-
eral output quality. This mismatch may have con-
tributed to the discrepancy between the proposed
method and human relative evaluations. Future
work will extend the proposed framework to incor-
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porate importance weighting of evaluation criteria
in relative evaluation.

5 Conclusion

In this paper, we proposed a new two-stage LLM-
as-a-Judge framework that incorporates both re-
quired and bonus criteria for relative evaluation.
The proposed framework first evaluates whether re-
sponses satisfy required criteria and then performs
a finer-grained comparison using the bonus crite-
ria. Experiments on the Writing, Roleplay, and
Humanities categories of MT-Bench demonstrated
that the proposed method achieved the highest aver-
age agreement rate with human evaluations among
the existing methods. In addition, detailed analy-
ses showed that both the criteria-generation LLM
and the judge LLM achieved high agreement rates
with human evaluations.

Limitations

This study has several limitations. First, the exper-
iments were conducted only on the Writing, Role-
play, and Humanities categories of the English-
language MT-Bench dataset. Although these cat-
egories comprised open-ended generation tasks
suitable for evaluating the proposed method, the
effectiveness of the method on other categories,
datasets, and languages remains unverified. In par-
ticular, in the Humanities category, the proposed
method underperformed Zheng et al. (2023)’s
method, indicating that the proposed method may
be less effective for tasks in which differences in
importance among evaluation criteria are large, as
discussed in Section 4.3. However, performance
improvements were observed in the Writing and
Roleplay categories. These results indicate that
evaluation performance in LLM-as-a-Judge may
be further improved by incorporating importance
weighting of evaluation criteria.

Second, all experiments used a single LLM, gpt-
40-2024-11-20, for both criteria generation and
judgment. We selected this model primarily to
enable direct comparison with TICK (Cook et al.,
2024), which also used gpt-4o as the judge LLM.
Furthermore, we conducted preliminary experi-
ments with gpt-5; however, it did not support ex-
plicit temperature control, and the evaluation re-
sults demonstrated substantially greater variation
across three runs than gpt-4o (standard deviation
of the agreement rate: gpt-4o = 0.003, gpt-5 =
0.020). Therefore, we used gpt-4o in the main ex-

periments to prioritize stability and reproducibil-
ity. Evaluating the proposed method with other
recent judge LLMs, including Claude Sonnet and
Claude Opus, remains an important direction for
future work. Independently varying the criteria-
generation and judge LLMs remains a direction
for future work to assess the robustness of the pro-
posed framework.

Third, the experiments included only three tar-
get LLMs: claude-v1, gpt-3.5-turbo, and vicuna-
13b-v1.3. Further experiments with a wider range
of target LLMs are needed to validate the general-
ity of the proposed method.

Ethical Considerations

We employed publicly available benchmarks (MT-
Bench: Apache License 2.0) and APIs in accor-
dance with their respective licenses, terms of use,
and intended research purposes.

We reviewed all datasets used in this study for
personally identifiable information and offensive
content. The collected human evaluation data con-
tained no personally identifiable information and
were stored and managed in an anonymized form.
The human evaluation data were collected via Pro-
lific. Participants were informed of the research
purpose prior to participation, and informed con-
sent was obtained voluntarily.
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A Human Evaluation Forms

Figure 2 shows the annotation form used for human
relative evaluation. Annotators were presented
with responses generated by two target LLMs and
asked to determine which response was better, with
the option to indicate a tie. Figure 3 shows the an-
notation form used to evaluate the appropriateness
of the generated required and bonus criteria. Fig-
ure 4 shows the annotation form used to evaluate
the binary (Yes/No) judgments made by the judge
LLM.

Task Overview

In this task, you will evaluate and compare the responses generated by two different Al
models (model_a and model_b).

For each question, the responses generated by the two models will be presented.

Your role is to compare the responses and determine which model provides a better
response, or if the responses are equally good.

Task Details

Response Display

For each task, the following information will be provided:

Question: The content of the question

Answer A: The response generated by one model.

Answer B: The response generated by another model.

Judge Field: Below each turn, you will find three options: [A], [B], or [C]. Based on the
instructions below, select the most appropriate option.

Each task consists of two turns (Turn 1 and Turn 2), both displayed on the same page.
You will provide two separate evaluations—one for each turn—on the same page.
After completing a task, you will proceed to the next task, which will appear on a new page.

Evaluation Procedure

Read the question and the responses displayed on each page.

For each tumn, compare the provided responses (Answer A and Answer B) and make your
evaluation in the Judge Field by selecting one of the following options:

A If you determine that Answer A is better than Answer B.

B: If you determine that Answer B is better than Answer A.

C: If both responses are of similar quality, and no clear preference can be made.

After completing both evaluations (one for Turn 1 and ene for Turn 2) on the same page,
proceed to the next task by moving to the next page.

Note: Google Forms allows only one submission per participant.

Notes on Multi-Turn Responses

This task involves a multi-turn conversational format:

Turn 1: The initial question and its response.

Turn 2: The follow-up question and its response.

When evaluating Turn 2, consider its relevance to and consistency with the response given
inTum 1.

Avoid evaluating each turn in isolation.

Example

Question: "Please create an introduction for an essay.”

Tumn 1

Answer A: "An essay provides critical perspectives on social issues. This paper discusses
educational equality."

Answer B: "This essay explores how educational equality impacts society."

Judge Field for Turn 1: [C] (Both responses are of similar quality).

Turn 2

Answer A: "Educational equality has long been a topic of debate. This essay aims to
analyze its impact.”

Answer B: "By exploring social equality, this essay highlights its relevance in today's
education system.”

Judge Field for Turn 2: [A] (Answer A is better than Answer B).

Impartant Notes

Provide clear and honest evaluations.

Do not use generative Al tools (e.g., ChatGPT, Bard) to assist with your evaluations.
Rely on your own judgment.

“Model A" and "Model B" are identifiers, not fixed models.

Responses from any model can appear as Answer A or Answer B. This task evaluates
multiple models.

Figure 2: Annotation Form for Human Relative Evalu-
ation
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Task Overview

In this task, you will evaluate the quality of evaluation criteria generated for specific
questions

For each question, two lists of criteria ("Required ftems" and "Bonus ltems") will be
presented,

Your role is 1o review these items and determine if each one is appropriate for evaluating a
response to the question.

Task Details

Display

For each task, the following information will be provided

Question: The content of the question

Required Items: A list of requirements that a good response must satisfy.
Bonus Items: A list of optional requirements that enhance the response.
Judge Field: A grid of options for each item

Evaluation Procedure

1. Read the question displayed on the page.

2. Review the criteria listed in the grid rows.

3. For EACH item, determine if it is suitable for evaluating a response to that question.

4, Select the appropriate status for EACH item (Note: You cannot leave any row blank):
- Appropriate: If the item is valid, correct, and relevant.
~Inappropriate: If the item is incorrect, irrelevant, or unreasonable.

5. After completing evaluations for both Turn 1and Turn 2, proceed to the next task

Notes on Multi-Turn

This task involves a multi-turn format:

Tum 1: The initial question and its criteria.

Tumn 2: The follow-up question and its criteria.

When evaluating Turn 2 criteria, consider the Tum 1 Question

Important Notes
Provide clear and honest evaluations.
Do not use generative Al tools to assist with your evaluations. Rely on your own judgment.

Figure 3: Annotation Form for Criteria Appropriate-
ness Evaluation

Task Overview

In this task, you will evaluate whether an Al model's response meets specific evaluation
criteria.

For each task, a model's response and a list of "Evaluation Criteria” will be presented.
Your role is to read the response and determine if it satisfies each criterion listed.

Task Details

Display

For each task, the following three pieces of information will be provided

- Model Response: The response generated by an Al model.

- Evaluation Criteria: A list of specific criteria used to evaluate the response.
- Judge Field: A grid of options for each criterion

Evaluation Procedure

1. Read the Model Response displayed on the page.

2. Review the Evaluation Criteria listed in the grid rows

3. For EACH criterion, determine whether the response successfully meets it.

4. Select the appropriate status for EACH item (Note: You cannot leave any row blank):
- Pass (Met): If the response fully meets the criterion.
- Fail (Not Met): If the response does NOT meet the criterion.
(Note: If the response only partially meets the criterion, please judge it as Fail.)

5. After completing evaluations for both Turn 1 and Turn 2, proceed to the next task

Notes on Multi-Turn Responses
This task involves a multi-turn format:

Tum 1:
This is an independent response.

Tum 2:

This is the response provided after Turn 1. It may be related to Turn 1

For example, if the criteria mention a "rewritten response;” the "original response" refers to
the Turn 1 Model Response.

Similarly, if the criteria mention “the previous response it refers to the Turn 1 Model
Response, unless specified otherwise.

Important Notes
Provide clear and honest evaluations.
Do not use generative Al tols to assist with your evaluations. Rely on your own judgment

Figure 4: Annotation Form for Evaluating Binary Judg-
ments by the Judge LLM



B Prompt

In this appendix, we present the prompts used
by the proposed method for the initial question
(Turn 1) in the experiments. The prompts for
the follow-up question (Turn 2) are identical to
those for Turn 1, except that the initial ques-
tion and the model responses to the initial ques-
tion are additionally provided as inputs. All
prompts, including those for Turn 2, are publicly
available at https://github.com/Tsunefuji/
Two-Stage-LLM-as—-a-Judge-paper.

Prompt for Generating Required Criteria

Please help judge an AI assistant's response to an instruction by providing an evaluation checklist.
To write a specific evaluation checklist, you get given the following entity each time:
INSTRUCTION: An instruction that has been given to an AI assistant.

## Task Details

Your task is to come up with an evaluation checklist list for a given INSTRUCTION.

This evaluation checklist should be a list of questions that ask whether or not specific criteria relevant to the
INSTRUCTION were met by an AI assistant's response.

Criteria covered by your checklist could be explicitly stated in the INSTRUCTION, or be generally sensible criteria for
the problem domain.

You should, however, try to be concise and not include unnecessary entries in your checklist.

Checklist questions should:

- **Be answerable by 'yes' or 'mo'**, with 'yes' meaning that the response successfully met the corresponding
requirement.

- *xBe comprehensive, but concise**, meaning that all criteria directly relevant to the INSTRUCTION should be
represented by a quesion, but only questions that are very clearly relevant should be included.

- **Be precise**, meaning that checklist questions should avoid vague wording and evaluate specific aspects of a
response, directly using the phrasing of the INSTRUCTION where appropriate.

You should always analyse the INSTRUCTION before providing an evaluation checklist.

## Response Format
Analysis: xxx
Answer: CHECKLIST QUESTIONS (each question should appear on a new line)

## Examples
{example}

## Real Task

### INSTRUCTION
{message}

### Response

Please analyse the instruction and provide an answer in the correct format.

Remember that each question should be phrased such that answering with 'yes' would mean that the response
**successfully** fulfilled the criteria being assessed by the question.

Your checklist should contain at least two questions, but no more than eight.

| Follow the exact format shown in the examples above.
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Prompt for Generating Bonus Criteria

Please create evaluation criteria for assessing responses to instructions given to an AI assistant.
To create specific evaluation criteria, the following entities will be provided each time:
Instruction: The instruction given to the AI assistant.

Required Items: The already created required items.

## Task Details

Your task is to analyze the given instruction and required items, and create bonus items for evaluating responses to
that instruction.

These bonus items should be a list of questions asking whether the quality of the response is further enhanced after
satisfying all required items.

Bonus items must not overlap in content with required items.

The criteria covered by your bonus items should be those that enhance the quality of the response.

However, you should strive for conciseness and avoid including unnecessary items.

The questions in the bonus items must be:

- Answerable with "yes" or "no". "Yes" means the response successfully satisfied the corresponding requirement.

- Comprehensive yet concise. List all criteria beyond required items that enhance response quality.

- Created avoiding ambiguous language as much as possible.

## Response Format

Make the output format exactly match the following form (including symbols and line breaks).

Analysis: While considering the required items, describe the elements that should be treated as bonus points.
Answer: Bonus Items

- (List bonus items one per line)

## Actual Task

### Instruction

{task}

### Required Items

{required_items}

### Response

Analyze the instruction and required items, and provide your answer in the correct format.

Remember that each question should be written such that answering "yes" means the response successfully satisfied the
Lcriteria being evaluated.

Prompt for Judge LLM

Please act as a fair judge. Based on the provided Instruction and Generated Text, analyse the Generated Text and
answer the Questions that follow with 'YES' or 'NO'.
Your selection should be based on your judgment as well as the following rules:

- YES: Select 'YES' if the generated text entirely fulfills the condition specified in the question. However,
note that even minor inaccuracies exclude the text from receiving a 'YES' rating. As an illustration, consider a
question that asks, "Does each sentence in the generated text use a second person?" If even one sentence does
not use the second person, the answer should NOT be 'YES'. To qualify for a 'YES' rating, the generated text
must be entirely accurate and relevant to the question.

- NO: Opt for 'NO' if the generated text fails to meet the question's requirements or provides no information
that could be utilized to answer the question. For instance, if the question asks, 'Is the second sentence in
the generated text a compound sentence?' and the generated text only has one sentence, it offers no relevant
information to answer the question. Consequently, the answer should be 'NO'.

## Output Format
Analysis: xxx
Answer: YES / NO (this should be either 'YES' or 'NO')

## Evaluation Information

**xInstructionk*
{message}

**Generated Textx*x*
{generation}

**xQuestion**
{question}

LPlease analyse and answer whether the Generated Text satisfies the requirement of the Question.
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C Examples of Generated Evaluation

Criteria

Question

Required Criteria

Bonus Criteria

[Writing Category]

“Compose an engaging
travel blog post about a re-
cent trip to Hawaii, high-
lighting cultural experi-
ences and must-see attrac-

* Does the response take the form of a
travel blog post?

e Is the response engaging and well-
written?

* Does the response highlight cultural ex-
periences in Hawaii?

Does the response include vivid and
sensory descriptions?

Does the response incorporate personal
anecdotes?

Does the response provide practical
travel tips?

tions.”
* Does the response include must-see at- * Is the response well-organized with
tractions in Hawaii? clear headings?
* Is the response relevant to the theme of * Does the response convey enthusiasm
a recent trip to Hawaii? and a sense of wonder?
[Roleplay Category]

“Pretend yourself to be
Elon Musk. Why do we
need to go to Mars?”

* Does the response adopt Elon Musk’s
speaking style?

* Does the response address “Why do we
need to go to Mars?”?

* Does the response reflect Elon Musk’s
perspective and reasoning?

Does the response include visionary or
inspirational language?

Does the response provide detailed and
compelling arguments?

Does the response emphasize broader
implications for humanity?

Does the response incorporate refer-
ences to SpaceX?

[Humanities Category]
“Provide insights into the
correlation between eco-
nomic indicators such as
GDP, inflation, and un-
employment rates.”

* Does the response provide insights into
the correlation between GDP, inflation,
and unemployment rates?

* Does the response explain how fiscal
policies affect the indicators?

* Does the response explain how mone-
tary policies affect the indicators?

¢ Is the explanation clear and logically
structured?

* Does the response avoid factual inaccu-
racies?

Does the response include real-world
examples?

Does the response address potential
limitations or exceptions?

Does the response provide actionable
insights?

Does the response use concise language
and avoid technical jargon?

Does the response highlight recent
trends or developments?

Table 2: Examples of Required and Bonus Criteria Generated by the Criteria-Generation LLM for Each Category

D Results by Target LLM Pair

Table 3 presents the agreement rates with human
evaluations for each target LLM pair, averaged over
three runs using different random seeds.

Method  claude-v1 vs. claude-v1 vs. gpt-3.5-turbo vs.
gpt-3.5-turbo  vicuna-13b-v1.3  vicuna-13b-v1.3

BS 37.0 50.6 39.1

TICK 32.8 44.8 36.1

SS 41.8 46.5 39.1

PROP 43.7 50.0 40.2

Table 3: Agreement Rates with Human Evaluations by

Target LLM Pair (%)
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